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ABSTRACT

It is widely acknavledged that pronunciationsin spontaneous
speectdiffer significantlyfrom citation form. For this reasonpro-
nunciationmodelinghasreceved considerablettentionin recent
automaticspeecltrecognitionliterature. Most of the attentionhow-
ever hasfocussedn describingan alternatepronunciatiorasa dif-
ferentsequencef phoneticaunitsusingthe sameanventoryof phones
which describecanonicalpronunciations. This approachassumes
that the deviation from the canonicalpronunciationcan be repre-
sentedn termsof completechangedgrom the base-fornrphonemes
to the surface-formphones.In this paper we investigatethe prop-
ertiesof pronunciatiorchangen conversationakpeecranddemon-
stratethatmostof thetime the changes only partial;a phoneis not
completelydeletedor substitutecby anotherphonebut it is modi-
fied only partially andthe effectsof this modificationcanbe found
in its environment. The evidencefor this behaior comesfrom the
analysisof the acousticsignal, the base-formtranscriptionsgiven
by the dictionary andthe surfaceform transcriptionsgiven by hu-
manlabelers.We shav thatwhena pronunciationrchangeoccurs,jt
is often the casethat neitherthe canonicalnor the alternatephone
representhe acousticsrery well. We alsoshav how partialchange
males the notion of phonetictranscription,be it manualor auto-
matic, a difficult one. Analysisof manualphonetictranscriptionof
corversationalspeechrevealsa large number(>20%) of casesof
genuineambiguity:instancesvherehumanlabelersdisagreeon the
identity of thesurfaceform. Basedon thisanalysisfwo methodgor
accommodatingpartial pronunciationchangeare developed. The
first methodattemptsto resole the ambiguityby separatelynodel-
ing eachbaseform/sugce-formpair. The secondmethodtreatsthe
surfaceform asa hiddenvariableand“averagesout” theambiguity

1. Introduction

Acoustic modeling basedon phoneticunits relies on hav-
ing an accuratephonetic representatiorof words. How-
ever, the high degreeandcontinuousatureof pronunciation
changeencounteredn corversationalspontaneouspeech
malkessucharepresentatiormpossibleif oneinsistson hav-
ing a constantand limited phoneticinventory An analysis
of a portion of the Switchboardcorpuslabeledby linguists
at the phoneticlevel revealsthat the disagreemenbetween
humanlabelersis quite high. This suggestshat pronun-
ciation changesometimesyields ambiguousrepresentations
whenprojectedontoalimited phoneticinventory In this pa-
per, we investigateandcharacterizeéhe propertiesof pronun-
ciationchangein the context of this ambiguity We differen-

tiate betweentwo typesof pronunciationchange: complete
change wherethe surfaceform canbe clearly identified by
humansand partial change whereeven humantranscribers
cannotagreeon the identity of the surfaceform.

Most of the work on pronunciatiormodelingtries to predict
changesn pronunciatiorsothatwordsareallowedto have al-
ternatephoneticrepresentationsChis sortof explicit pronun-
ciation modelingcombinedwith context dependenacoustic
modeling can only partially accountfor the pronunciation
variation in corversationalspeechas suggestecy moder
ategainsin word error ratereportedby variousresearchers.
As opposedo this “linear phonology”approach;nonlinear”
or autosgmentalphonologicalmodelsallow for representa-
tionsbasecn asynchronougeaturesandarenot constrained
by the phoneticinventory Onesuchmodel[2, 3] given by
Dengis afeature-baseghonologicaimodelthatyieldsafea-
ture overlappingpatterninsteadof a phoneticrepresentation.
Finke [4] recentlyproposedising“attributeinstancesiwhich
include articulatoryfeatures,stressetc. asacousticmodel-
ing unitsanda pronunciatiormodelthatpredictsvariationof
thesanstancesThisinstancebasedepresentatioprovidesa
tighter couplingof the pronunciatiormodelandthe acoustic
model.

In this paperwe analyzethe propertiesof pronunciation
changeto explain the intrinsic ambiguity of phone level
transcriptionsand we proposemethodswithin the “linear
phonology” framework to overcomethe problemscaused
by partial changes. An analysisof the relationship be-
tween acousticsand phonemic/phoneticdepresentationss
usedto explain the recognitionresultsof two methodsfor
improving acousticmodelingusingpronunciatiormodeling.
One methodextendsthe units usedin acousticmodelingto
baseform/sudce-formpairs,attemptingto resole the ambi-
guity by enlaging the inventoryandtaking a steptowardsa
“tighter coupling” betweerthe acousticmodelsandthe pro-
nunciationmodel. This approachallows for modelingthe
acousticof pronunciationchangewithout increasingexical
confusion,or homophory. Anothermethodmodelsthe pro-
nunciationchangeat the statelevel sothat partial pronuncia-
tion changeganbecovered.Thismethodalsoprovidesmore
accurateacousticprobabilitiesfor the baseformby keeping
the surfaceform asa hiddenvariableand summingover all



alternatepronunciationsof a baseform. This approachhan-
dlesambiguityby averaginginsteadof disambiguating.

This paperis organizedasfollows. In Section2 we present
acousticevidencefor partial pronunciatiorchangan corver

sationalspeech.The effectsof this partial changearefurther

quantifiedin the interlabeleragreemenstatisticsandin our

effortsto obtainaccuratghonetidranscriptiondy automatic
means,asdiscussedn Section3 . Finally, speechrecogni-
tion experimentswhich accommodatgartial pronunciation
changearepresentedn Sectiond andsomeconcludingre-

marksaregivenin Section5 .

2. Acoustic Analysis of Pronunciation
Change

We usethe Switchboardcorpus,a collection of casualtele-
phonecorversationdetweenAmericanEnglishspealers,to
studypronunciatiorchangesn corversationaspeechA por-
tion (~4 hours, ~100K phones)of Switchboardhas been
phoneticallylabeled,andit is on this portion of the corpus
thatourinvestigationsarebased Furthermoreabout30 min-
utesof this labeleddatais in the “test” portion of the cor
pus,while alittle over 3 hoursis in the acoustidraining set.
Model estimationin this sectionis on the training portion of
the handlabeledcorpusand evaluationis done on the test
portionwhereappropriate.

In orderto understandhenatureof pronunciatiorchangeand
to discoverwaysof modelingit, we needto investigatehere-
lationshipbetweeracousticandbaseformsurface-formrep-
resentations.

Consideranoccurrencef theword AND which hasthe base-
form/ae n d/ andis labeledasthe surfaceform [ eh n

d] . Inthisexample/ ae/ isrealizedas[ eh] ! formingthe
baseform/sudce-formpair ( ae, eh) . Whatdo the acous-
tics of this pair look like? If the acousticsare sufficiently
similar to thoseof an[ eh] , this canbe considerechscom-
plete change, otherwisethis is a caseof partial change. In

ary case,how shouldthis pair be modeled? Completepro-
nunciationchangemay perhapde dealtwith by adding/ eh

n d/ asaseconddictionaryentryfor AND, whereagartial
pronunciatiorchangerequiresothersolutions.In orderto an-
swerthesequestiongve treatthe baseform/sudce-formpair,

e.g. (ae, eh), asaunit andanalyzethe acousticsof such
units. Theanalysigproceedssfollows.

The baseformtranscriptionsB and surface form transcrip-
tionsS (handlabels)of the phoneticallylabeledtrainingdata
arefirst alignedto obtain“pair transcriptions’§§. Thefol-
lowing three setsof contect independenticousticphonetic
modelsarethenestimatedrom this setof transcriptions.

Iweusethenotatior/ -/ to denotebaseformphonemesnd| -] to denote
surfaceform phones.

e P (-|) : estimatedrom the baseforntranscriptions;

o Ppis(:]):
tions;

estimatedrom the surfaceform transcrip-

o Pos(]-): estimatedrom the pair transcriptions?

2.1. Acoustics of Alternate Realizations

Our analysedggin by visualizinghow the averageacoustic
featurescorrespondingo aninstanceof abasefornphoneme
/ b/ thatis realized as a surface form phone[s] com-
pareto thoseof the baseformy b/ (no matterwhatthe sur
face form phoneis) and the surface-form[ s] (no matter
what the baseformphonemeis). Note that since we esti-
matesingle Gaussiaroutputdensitiesfor our acousticmod-
els Pa s s(-|(b,s)), themodelmeanups((b,s)) may also
beinterpretedhsatypical acoustidramewhena/ b/ isreal-
izedasan[ s] . We thereforefocusattentionon the relative
locationof pups((b,s)) with respecto up(/b/), the model
for acanonical b/ , andus([s]), themodelfor arealization

[s].

Thesemeansare 39-dimensionalectors(the output of the
MF-PLP front-end,and A, AA coeficients) which makes
visualizationdifficult. However, sincethreepointsin a Eu-
clideanspaceorm a plane,we canfind the planecontaining
thethreemeansandplot themin two-dimensions.

In orderto extendthis visualizationfrom a singletriple for
a particular choice of (b, s), say (ae, eh), to a setof
triples, we maptwo pointsof eachtriple to two fixed points
in the planeandscalethe coordinategor thethird pointsuch
thatrelativedistancebetweerthethreemeansarepresered.
In particular pp(/b/) is mappedto the origin, us([s]) is
mappedo (1,0)onthez—axis,andups((b, s)) tothepositve
y—half-planewhile preservingelative distancesBYy plotting
model meansfor all triplesin this mannerwe obtaina plot
that givesus the relative location of the threesetsof points
for different( b, s) pairs. Theplotin thecenterin Figurel
is obtainedn this manner
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Figurel: Comparisorof averageacoustics

To helpinterprettheresultsof theplot generateésdescribed

2Note that PpB(:]") and Pa|s(:|-) hae ~50 HMMs whereas
Pa B s(¢|-) has~500HMMs (outof ~2500possibleHMMs —notall pos-

sibleareseenin our corpus).



above, we alsosubstituteups((b, s)) with pps((b,b)) for
eachpair ( b, s) andobtainthe plot to theleft in Figure 1.
This correspondgo the location of the averageacousticof
a/ b/ realizedasa[b]. Similarly we obtainthe location
of theaverageacousticsups((s, s)) of an/ s/ realizedasa
[ s]. Theseareplottedontherightin Figurel. The plot on
theleft shavs thatthe acousticsof a/ b/ realizedasa| b]
areall crowdedaroundthemodelmeanwhichis at(0,0),and
similarly for an/ s/ realizedasan[ s] asshown by the plot
ontheright.

Comparedo thesecanonicapronunciationsthingsaremuch
more variable when a pronunciationchangeoccurs. Even
whenarealizationis labeledasan| s] by a humanlabeler
theacousticarewidely scatterecgroundthe modelmeanfor
an[ s] . Furthermorenotethatthe spreadis not isotropic:
thereis a distinct biasin the surface acousticstowardsthe
acousticof the canonicalphoneme.In mary instancesthe
acousticareactuallycloserto modelfor / b/ thanthemodel
for[s]!

The conclusionsupportedy theseplotsarethat

¢ the acousticsof a phoneme/ b/, whenrealizedas a
phong[ s], lie somavherebetweerntheaveragerealiza-
tion of thephonemd b/ andthe averagerealizationof
thephong[ s] ;

¢ neitherthe phonemé b/ northephone[ s] providea
goodfit for thisrealization;andthat

e pronunciatiorchanges (spectrally)partial.

2.2. Acoustic Likelihood of Alternate
Realizations

In orderto seehow bestto modeltheacousticof the( b, s)
pair, we comparethe likelihoodassignedo the acousticdy
the threemodelsdiscussedibore. For eachsggmentof the
acousticspothin the training setandthe 30 minutesof test
data,we have the canonicalphonemidranscriptiontheman-
ual phoneticlabels, and their alignment(pair labels). The
inventoriesof the canonicaland manualtranscriptionsare
identical. In light of this, we computelik elihoodswith four
model-transcriptiortombinations:

. thecanonicabronunciationsﬁ with modelsP, g,
e the manualphonelabeIsS with modeIsPA|B3,

e the manualphonelabeIsS with modelsP, s and

3Thiscombinatiorprovidesinsightinto thecasevhereno changds made
to the conventionalacousticmodeltraining procedurebut a pronunciation
modelis usedto createdictionaryentriesfor alternatgpronunciations.

e the pairlabels§§ with modelsPy g, s-

If we selecttheinstancesvhena pronunciationrchangds la-
beledto have taken place,we find the total likelihoodsor-
deredas

Paips(-BS) > Pajs(-|S) > Pas(-|S) > Pas(-B).

Figure 2 summarizeghe resultsof computingtheselik eli-
hoodsfor instancesn thetrainingdataandthetestdatawhen
abaseformis substitutedvith anothemphone.

Average Per Frame Log Likelihood for (b!=s)
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T
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Figure 2: Averageper framelog likelihood of training and
testdata

Firstof all, we seethatPA‘B(-|S), is higherthanPA|B(-|]§),
althoughnot by much, which helpsto explain the moderate
gain obtainedby pronunciationmodelingusedonly during
decoding.

More importantly Py s(-|-) is betterthan Py g(-|-). This
shaws thatusingsurfaceform transcriptionis definitely use-
ful for acoustianodeltraining,anddemonstratehevalueof
handtranscriptions.

Finally, the likelihood assignediy the modelsbasedon the
pairs is significantly betterthan all the others,despitethe
overtraining indicatedby the differencein training andtest
likelihoods.This clearly shovs thatit is worthwhileto inves-
tigatebuilding acoustiomodelsbhasedon the pairs.

2.3. Temporal Characteristics of Alternate
Realizations

So far we have not paid much attentionto the fact that the
acousticsof a realizationof a phoneis actually represented
by a sequencef featurevectors. In this sectionwe will fo-
cuson the sequentiabr temporalpropertiesof the acoustic
realizations.In orderto seewhy thetemporalcharacteristics
areimportantin termsof partial pronunciationchangecon-
siderthefollowing (for now hypothetical)lexamplewherethe
word HAD which hasthe baseform/ hh ae d/ is labeled
as[ hh ae d] by onehumantranscriberandas[ hh eh
d] by anotherIn this casethe surfaceform representationf



thebaseforny ae/ is ambiguousNow assumehatthefirst
half of theacoustiaealizationof thebaseforni ae/ actually
sounddike[ ae] butthesecondalfsounddike[ eh] . This
would explainwhy thetwo transcriberslisagree Thiskind of
partial pronunciationchangewould be bettermodeledif the
surfaceform representatiohadhighertemporalresolution.

Do suchrealizationsexists in real speech?If they do, how
frequentarethey? In orderto answerthesequestionave will
usethe acousticmodelsestimatedfrom the baseformtran-
scriptions, P g, togethemwith the canonicalpronunciations

B andthe manualphonelabelsé. Recall that we are us-
ing threestateleft-to-right HMMs andeachstatecanproduce
oneor moreframesof acoustiovectors.Following thismodel
structurewe investigateheeffectsof allowing pronunciation
changest eachstateandat eachframe.

In the following experiments,we use context independent
acousticmodelswith single Gaussiarstateoutputdensities
which are trained separatelyon the baseformand surface-
form transcriptions. We focus on instancedn the test data
whenaphonemas substitutedvith anothemphone.For each
instancewe investigatdf allowing pronunciatiorvariationat
asubphonetidevel would resultin higherlikelihood. For this
purposewe computethe likelihood* assignedo the acoustic
realizationof the phonemeunderthree modelsconstructed
as a combinationof the baseformand surface-form mod-
els. Thesemodelswhichallow pronunciatiorchangesespec-
tively atentirephone gachstateor everyframeareillustrated
in Figure3. By constructionall modelscontainthepathscor
respondingo Model 1 which correspond#o atotalchangen
theentirephoneticsggment.

For eachof thesemodelswethenfind thebestpathandcount
the numberof times this bestpath consistsof a sequence
of HMM statescorrespondingdo the baseform surfaceform
or sometemporalcombinationof the two. The percentages
computecbverall theinstancesn thetestsetthatcorrespond
to aphonesubstitutionarereportedn Table1l.

BestPath
Model bibybs | 518283 others
Modell | 41% 59% 0%
Model2 | 20% 30% 50%
Model3 | 15% 23% 62%

Tablel: Distribution of thebeststatesequencghenacanon-
ical phoneme is realizedasa surfacephones.

Theseresultsindicatethatin a majority of instancef pro-

4HMM transitionprobabilitiesareignoredin this likelihood calculation.
Notethatfor comparisorpurposeshis is equivalentto assuminghatall the
transitionprobabilitiesareequal.

baseform
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surface form
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surface form
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Figure3: Modelsusedfor increasinghetemporalresolution

nunciationchangethe highestik elihoodpathcorrespondso
atemporalcombinatiorof thebaseformandthe surfaceform.
Thereforepronunciationchangeis (temporally) partial and
increasinghetemporakesolutionof thepronunciatiormodel
may be effectivein modelingpartialchanges.

3. Automatic Phone Level Transcription of
Acoustic Data

It seem<learfrom the previous sectionthattraining acous-
tic modelswith joint knowledgeof the canonicalandsurface
form transcriptionamay be of significantvalue. The amount
of available handlabeledphonetranscriptiongor corversa-
tional speechis limited, and certainly not enoughto build a
state-of-the-arstate-clusteredross-vord triphoneASR sys-
tem. The phonetichandlabeling processis time consum-
ing andexpensvewhich makesautomationethodgor phone
transcriptiondesirable.

Our method,describedn [7], usesthe handlabeleddataas
bootstrapmaterial. First aninitial pronunciationmodeland



an acousticmodelare estimatedusingthe manualtranscrip-
tions. Startingwith the canonicaltranscriptionof the entire
acoustidraining set,the pronunciatiormodelis usedto gen-
eratepronunciationnetworks representingpossiblephonetic
realizationf eachtrainingutteranceThemostlik ely phone
sequencehrougheachnetwork is chosenvia Viterbi align-
mentusingexisting acousticmodels yielding a surfaceform
transcriptionfor the entiretraining set. A new pronunciation
modelis then estimatedusing thesesurfaceform transcrip-
tionsandthe above procesf network generatiorandalign-
mentis repeatedvith this new pronunciationmodel, giving
thefinal surfaceform transcriptions.

The quality of the automatictranscriptionsis measuredy
comparingthemto the manualtranscriptions.This compari-
songivesa phoneerrorrate(PER)of 26.6%measurean the
testset.

At this point it seemsnaturalto askif the accurag of this
transcriptioncanbe furtherimproveduponor if theinherent
ambiguityin theacousticss limiting furtherimprovementin

phonerecognition.lt is alsointerestingto comparethe auto-
matic transcriptionwith the performanceof humanlabelers.
A small portion (~2000phones)f the handlabeledcorpus
wastranscribedn commonby two transcribersand we use
this portion to assesnterlabeleragreemenbetweerhuman
labelersandbetweernour automaticranscriptionandthe hu-

manlabelers.

Greenbeg® reportsinterlabeleragreemenbn this corpusto
be“ca. 75%-80%"[6]. Sincethe PERusingautomatictran-
scriptionis not sofar from the mismatchbetweerthe human
labelers,it is of interestto examinethe performanceof the
automatictranscriptionswith respectto both labelers. This
comparisomequiresathreeway alignmentandwe have done
this by hand. An actualexampleseggmentof this alignment
for the word PARENTS and the overall proportionof each
type of agreemenis givenin Table2.

Agreement Overall
T1 T2 A T1=T2A=T1A=T2 Proportion
p p p O O O 64.4%
eh ae ae O 8.0%
r r r d 0 0
ax -— ih 6.4%
n en n O 10.3%
t t - O 10.9%
S S S d 0 0

Total Agreement: 75.3%74.3%72.2%

Table 2: Example alignment segment and proportion of
agreementypes

5Thesymbolsetusedby thetranscriberss moredetailedthanthe phone
setusedin our baseforndictionary (PronLe). Sincetherestof our models
usethe PronLex phoneset,we mapthe actuallabelsdown to this set.

As theseresultsindicate the automatidranscriptiongareal-
mostat the samelevel asthe transcribersn termsof overall
PER.If the references taken to be the transcriptionspro-
ducedby thefirst transcribetthe PER of the automatictran-
scriptionson this (albeitsmall) setis 25.7%whereaghe mis-
matchbetweerthetwo transcriberon thetestsetis 24.7%.

If oneconcentratesnthe portionof thetranscriptionavhere
thetranscriberagreg(T1=T2), the PERis still 14.5%which
shavs thatthe disagreementetweerthe automaticandhand
transcriptionsdo not completelyoverlapwith thosebetween
the transcribers. It also shawvs that thereis someroom for
further improvementof the automatictranscriptionprocess
describechere.

The PERbetweerautomaticandhumantranscriptiongumps
to >60% in the regionsof pronunciationambiguity i.e. in-
stancesvherethe humantranscriberslisagree Froma mod-
eling point of view this high error rate is a good reasonto
keepthesurfaceform representatioasahiddenvariabledur-
ing estimationanddecoding,n orderto alleviate the effects
of ambiguity

4. Speech Recognition Experiments

Two setsof speechrecognitionexperimentshave beencon-

ductedto evaluatethe performanceof the acoustic mod-

elsthataredesignedo handlepartial pronunciationchange.
Slightly lessthan2 hoursof speechHrom the Switchboardor-

pusmake up thetestset,of whicha 30 minuteportionis also
phoneticallylabeled.The baselineacousticnodelsarestate-
clusteredcross-vord triphonestrainedon canonicalphonetic
transcriptionsof about60 hoursof speech.We usethe new

acousticmodelsfor rescoringlatticesgeneratedy the base-
line models. Without any pronunciationmodeling,the best
pathin thelattice hasa WER of 39.4%.

In the first setof experiments,we use,for a pronunciation
model,an explicit listing of the canonicalandalternatepro-

nunciationsof wordsin the recognitiondictionary (see[1]).

We thencomparethe threemodels: Pxjg and P s, Which

differ in thetranscription®on which they weretrainedbut use
the samephoneticinventory and Py g s, Which is trained
on the pair transcriptions. The test set, in this case,is only

the phoneticallyannotatecportion of the largertestset. The
word errorrate(WER) measurecgainsthe word level tran-
scriptionsandphoneerror rate (PER) measuredgainsthoth

the baseformtranscriptionB and surfaceform transcription
S (handlabeled)arepresentedn Table3.

In the secondset of experiments,we use a recently intro-
ducedmethodfor pronunciationmodelingcalled statelevel
pronunciationmodelor SLPM [7], which accommodateal-
ternatesurface-formrealizationsof a phonemeby allowing
the HMM stateof the model of the baseformphonemeto
shareoutput densitieswith modelsof the alternatesurface



AcousticModel | PERwrt B | PERwrtS | WER

PoB 34.69% 48.10% | 48.96%
Ppjs 42.86% 43.57% | 50.57%
PaBs 33.79% 43.93% | 47.81%

Table3: Recognitionperformanceof acousticmodelswith a
rich pronunciatiordictionary

form realizations. The SLPM can effectively “merge” two
setsof acoustiomodels,asdescribedn detailin [7].

We contrastmeming the baselinemodels P4 g with the
surface-formtrainedmodels Py |s asdescribedn [7], with
the alternatve of memging with Py g s, which were shavn
to bettermodelthe acousticdn Section2. Table4 showsthe
resultsof theseexperiments.

Note that pronunciationmodeling techniquesdescribedin
[1], whichaccounfor completepronunciatiorchangebut not
partial pronunciatiorchangejmprove the overall WER from
39.4%to 38.9%. Accountingfurther for the partial change
leadsto more significantimprovements,as seenon the last
linesof bothtables.

Acoustic PER PER WER | WER
Model wrt B wrt S (Subset)| (Full)
Pais 34.58% | 50.08% | 48.96% | 38.8%
PpoBUPps 33.13%| 48.48% | 47.85% | 38.2%
PaolBU PyiB,s | 32.84%| 49.37% | 47.22% | 37.7%

Table4: Performancef the SLPM onthephoneticallyanno-
tatedsubsetindthe entiretestset

5. Concluding Remarks
We have presentedcousticevidencewhich demonstratethe

prevalenceof partial pronunciationchangein spontaneous

corversationalspeech. We have shavn how thesepartial
changesnalke the notionof phonetictranscriptionpeit man-
ualor automaticadifficult one.We have presentedneandor
automaticallygeneratingreasonablyaccuratephonetictran-
scriptionsanda methodfor usingthemto train modelswhich
improvespeechrecognitionaccurag by accommodatingro-
nunciationambiguity A 1.7%WERimprovemenin Switch-
boardis demonstrated.
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